This article will construct a skill-based measure for human capital specificity. The measure is based on the possibilities of making use of skills on the labour market, which depends on the number of jobs where any particular skill is required. The assumption is that the specificity of human capital depends on the specificity of skills. In order to calculate the levels of specificity of different skills empirically, data from the skill requirements of vacant jobs are used. The validity of this measure is tested by using it as an estimator of the probability that on-the-job training is offered to employees. This article also investigates differences in the specificity of required human capital between different industries and occupations. The proposed job specificity measure can be used for planning public sector support to on-the-job training as companies' decisions to pay for training depend on the specificity of human capital required.
Introduction
Dividing human capital into general and specific human capital has been a common issue in research into on-the-job training since development of the human capital theory by Becker (1962) . Usually, human capital is considered to be firm-specific, but some authors have also used concepts of skill-specific, occupation-specific, and industry-specific human capital (Neal, 1995) . A recent development in this field is the skill-weights approach, which emphasizes the point that skills are not firm-specific, but combinations of the skills required in different jobs are firm-specific (Lazear, 2003) . Many theoretical models have been developed about general and specific human capital. These have covered topics such as bearing the costs of on-thejob training (Hashimoto 1981) , labour turnover (Joanovic, 1979) , and tenure effect on wages (Topel, 1991) . Human capital has also been used for explanation of economic growth, labour mobility, investment in physical capital, and several other issues.
Although the distinction between general and specific human capital has been widely used in theoretical literature, not enough attention has been paid to the question of how to measure the specificity of human capital. In earlier studies, it has been common to use years of formal schooling or the level of formal education as the measure for general human capital, and length of tenure as the measure for specific human capital. But in reality in most cases general skills are also acquired through on-the-job training, so tenure is not a satisfactory measure for specific human capital. More recently some attempts have been made to measure the specificity of human capital by using alternative approaches. For example, Frank (2003) measures it indirectly by the length of vocational adjustment of new employees. Ingram and Neumann (1999) propose a measure based on observed skill characteristics of the job, but the aim of their measure is to distinguish between different levels of human capital through the skills of workers (low-skilled and highly skilled) instead of general and specific human capital.
This kind of approach could also be used to distinguish between general and specific. Therefore the aim of this article is to develop a skill-based measure of the specificity of human capital. In this article, the measure is based on the possibilities of acquiring a particular skill, which will depend on the number of jobs where this skill is required. The smaller the number of jobs where the skill is required, the higher is the level of specificity of that particular skill. To calculate levels of specificity of different skills empirically, data from the skill requirements of vacant jobs will be used. For this purpose, data from one Estonian Internet-based job advertisement database will be used. For testing the validity of this measure, it will be used as an estimator of the probability that on-the-job training is offered to employees. If this measure is correct, then according to the human capital theory, in the case of jobs that require more specific skills, training is offered with higher probability.
The article is organised as follows. First, an overview will be given of the theoretical background to this topic focusing on the options for measuring human capital and its specificity. Next, according to human capital theory and especially the skill-weights approach, a measure for human capital specificity will be proposed. Then a description will be given of the data used in the empirical analysis. After that, an analysis will be carried through of the specificity of different skills and the specificity of human capital required across different occupations and industries. Next, the validity of the previously proposed human capital specificity measure will be tested. Finally, conclusions will be drawn on the results.
Literature Overview
Although different authors have suggested several definitions of human capital, this paper follows the definition by Fredriksen (1998) , who states that human capital can be defined as skills and knowledge acquired by people during their lifetime and which can be used for production of goods. Human capital is most often associated with education and on-the-job training. Depending on the type of skills acquired by schooling, training, or work experience, human capital can be divided into general and specific human capital. General human capital affects the productivity of the trainee in all companies, whereas specific human capital raises productivity only in one enterprise. General human capital is acquired through general education and training programs, which improve the skills and knowledge of workers so that they can work more productively in many enterprises. Specific human capital, on the other hand, is acquired through specific training, which consists of firm-specific training programs and which improve the trainee's skills so that his labour productivity is increased only in one particular firm. For example, employees are taught to handle some specific machinery, which is not used in other companies. In reality, however, many training programs have elements of both a general and specific nature. One of the most important findings of human capital theory is that in case of perfect competition on the labour market, where the wage paid to employees equals the marginal product of labour, firms do not have motivation to finance their employees' general training, but it will be profitable for them to finance specific training (Becker, 1962) . Distinguishing between general and specific human capital has been a standard approach during many decades and until recently assuming human capital to be firm-specific has not been criticised very widely. Although in practice human capital appears to be mostly not firmspecific and according to human capital theory, investment in it should not be financed by firms, it has been common knowledge that in reality firms at least partly finance employee training programs. This awareness has led to extensive research, which seeks to explain why it is profitable for companies to finance general training. This kind of literature could be divided into two categories.
The first branch of the literature argues that employers pay for general training programs due to market failures, which make it profitable for firms to invest in employees' general human capital. Market failures may exist in the form of transaction costs and imperfect competition on the labour market, which leads to the situation where workers are paid for their work less than their marginal product and in that case firms can earn profits on use of employees' labour (Acemoglu and Pischke, 1999) . Katz and Ziderman (1990) suggest that information asymmetry about skills may prevent employees from quitting their jobs as it is possible that general training will raise workers' labour productivity but not the marketability of their skills and their wages.. General training programs may create externalities as they could increase the productivity of nonparticipants. For example, if some workers are taught to use information and communication technology, then this is general training in most cases as such technology is usually similar in different companies. After completing a training program, the worker's increased knowledge in handling such technology could improve the overall speed and quality of communication in the company and so the productivity of other employees may increase, too. This kind of external effect is called network externality (Ericson, 2005) . General training can also complement both physical capital investment and specific training, as higher workforce skills will increase the rate of return on investments in machinery and the acquisition of general skills may increase productivity growth from specific human capital (Galor and Moav, 2004) .
The second branch of the literature assumes that in reality human capital is not completely firm-specific or general. Different authors have proposed that human capital is mostly not firm-specific but industry-specific, occupation-specific, or skill-specific. The possibility of the presence of industry-specific human capital was pointed out by Helwege (1992) , but this received more attention when Neal (1995) argued that in many firms industry-specific skills form an important component of workers' human capital stock. For example, in the food-processing industry all firms value a common set of skills but the same kind of skills may not be valued in the electronics industry. The reason for that is that firms in one industry use similar technology but firms in different industries may use very different technologies. Kamburov and Manovskii (2002) developed the concept of occupation-specific human capital. According to their view, it is true that industry can affect the job one performs, but it seems implausible that the human capital of these workers is specific to the industry they work in rather than to the type of work they do (their occupation). The reason for human capital to be occupation-specific may be that very different occupations exist within a single industry and at the same time quite similar occupations may exist across different industries. For example, both welders and accountants work in the metal industry. It is quite natural to think that the difference between the skills required for an accountant in the metal industry and an accountant in a university are smaller than between an accountant and a welder within the same industry. Poletaev and Robinson (2003) argue that human capital is not firm-specific or industry-specific but skill-specific. According to their view, human capital can be represented by a small number of skills that are largely general across firms and industries. To some extent the skill-specific and occupation-specific views are similar as in many cases different occupations are associated with different skills. But in some cases the same skills are productive in different occupations; for example, the ability to use econometric methods can be used both by economic analysts and professors.
A further development of the skill-specific human capital approach is the skill-weights approach by Lazear (2003) . In this case it is assumed that skills are all general but they affect productivity differently in different jobs. It is supposed that each job requires a set of skills; each of these skills is general in the sense that it could be used in other firms as well. But the same skills affect productivity at different rates in different firms. For example, working as the chief executive of a wood processing company requires managerial skills and knowledge of the production technologies used in the company. Working as a production manager requires the same skills, but in this occupation knowledge about production technologies is more important than in the case of the chief executive whose occupational requirements emphasise more managerial skills.
Besides considering human capital to be firm-, industry-, occupation-, or skill-specific, the other important issue is measuring the specificity of human capital. In reality it is likely that in some aspects human capital is specific and in some aspects general. A number of methods have been proposed for measuring the specificity of human capital. For example, Frank (2003) uses the length of vocational adjustment of new employees for this purpose. In his survey, firms were asked the following question: "For new employees, who are experienced in their occupation but new to your firm, typically a certain time span will pass until their productivity is comparable to that of their incumbent colleagues. Please try to estimate the number of months which is necessary for this." The longer the adjustment period, the higher the level of specificity will be.
The other possibility for measuring the specificity of human capital is doing so by measuring the specificity of skills, which of course rests on the assumption that human capital is skillspecific. Backers-Kellner and Mure (2004) use two different methods to do so. The first is based on employees' own opinion about the employer's possibilities to replace them. Workers were asked whether they think they are easily replaceable at their current job or not. It was assumed that if a worker thinks he is not easily replaceable, he uses fairly specific skills in his job that cannot be found elsewhere in the internal or external labour market. So that kind of workers' human capital is assumed to be specific. The second measure of human capital specificity proposed in this article is the number of past job changes. In accordance with the skill-weights approach (and standard human capital theory) it is assumed that workers only leave their previous employer if the outside wage offer exceeds his initial wage. In other words, with every job change the degree of human capital specificity increases.
Measure of Human Capital Specificity
While these previous measures of human capital specificity are indirect, this article will develop a more direct measure of human capital specificity, based on the specificity of different skills. In order to derive a skill-based measure for human capital specificity, it is first necessary to know how to measure skill. In the existing literature it has been a standard approach to measure skill by years of education. In some theoretical models, measuring skill is limited to dividing employees into low-skilled and highly-skilled categories (for example, Topel, 1994) . These measures of skill are simplified and linear, as they do not take into account the heterogeneity of different skills. Therefore they are suitable for explaining the level of skill, but not for the specificity of skill. Ingram and Neumann (1999) propose an alternative measure of skill − based on observed characteristics of jobs held by workers. For developing this measure, they use skill information in the U.S. Dictionary of Occupational Titles data. This data provides information on fiftythree characteristics of specific occupations. These can be broadly grouped into five categories: general intellectual development, temperament, aptitudes, physical demands, and environmental conditions. They point out that their data represents fifty-three potential dimensions of skill heterogeneity among workers, but it is unlikely that each dimension represents a unique worker skill trait. For that reason they use factor analysis in order to reduce the number of dimensions.
In the current article, skills are viewed in a similar context to Ingram and Neumann (1999) as they are assumed to be heterogeneous. The starting point for developing the human capital specificity measure in this article is the skill-weights approach by Lazear (2003) . In his paper it was assumed that workers' wage depends on the value of the weights that the firm places on the employee's skills. In the standard model it was assumed that employees have only two skills − A and B, and each firm i places weights i l and i l − 1 on these skills. So a worker with the skill set (A, B) has potential earnings in firm i
In reality, the number of skills required in different jobs is usually higher than two. So this model can be extended to the case where the total number of skills is m and each firm i places
l on a particular skill j, so the potential wage, which in case of perfect competition and absence of other frictions on the labour market, is equal to the marginal productivity of a worker's labour, which in firm i will be
A is the level of skill j possessed by the worker. While skill-weights in different firms can differ, it would be difficult to estimate them empirically. At the same time it is clear that when skills are defined quite narrowly, which means that the total number of skills in the economy is high, then only a small number of them significantly affects employee productivity and wages in one particular job. For example, the skill of preparing meals is highly critical for cooks, but has no significant effect on the productivity of dentists. So it can be assumed that for each firm a number of skills significantly affect employee productivity, and these skills can be called critical skills. It can be assumed that a firm places zero-weight on all other skills which do not significantly affect productivity. As it is difficult to estimate skill-weights empirically, then it is assumed here that firms place equal weight on all critical skills. So, if the number of critical skills in firm i is m i , then each of these skills is valued by weight . The potential wage will then be in firm i from it if this skill is critical to that firm but he will get 0 return from it if this skill is not critical in that firm.
As sets of critical skills differ in different firms, employee wages in different firms differ, too. For employees it is optimal to be employed in a firm which pays the highest wage, and as the wage depends on critical skills, then it is optimal to be employed in a firm that requires a set of skills that best match the employees' skills.
Employee skills can be developed by training, which can be financed by both employer and employee. It is natural to assume that employers are only interested in developing employees' critical skills, as investing in other skills would clearly be a waste of resources as these skills do not affect worker productivity. But additionally, employees' options to make use of their skills in other firms affect a firm's decision to invest in these skills. This means that if the possibilities for employees to use their skills in other companies are high, then the risk of separation is also high so that the firm's incentives to invest in workers' human capital are low. The possibilities for employees to use a skill depend on the number of firms where that skill is critical. If a particular skill is critical only in one firm, then it is completely firm-specific, in which case employees cannot benefit from that skill in other companies and therefore employers have an incentive to invest in these skills. The opposite would apply when a particular skill is critical in all firms. In this case, that skill is completely general and workers can benefit from it everywhere and employers have no incentive to invest in it (assuming no market imperfections). Therefore, the number of firms where a skill is critical can be used to determine the measure for skill specificity. To make this measure comparable for different labour markets where the total number of firms may differ, the share of firms where the skill is critical is used, so the measure for skill specificity is The inverse specification of the skill specificity measure results in the following: if the number of firms where a particular skill is critical increases, then skill specificity decreases at a declining rate. The intuition behind this is that if is few possibilities exist for an employee to make use of a skill, then the appearance of new firms that require that skill will remarkably increase the employee's possibilities of finding a new job where he could foster that skill. Therefore that skill becomes more general. But if a particular skill is critical in a large number of firms, then the entry of new firms that require that skill will not noticeably increase the employee's options for changing job and therefore will also not decrease skill specificity to a great extent.
As each firm usually has more than one critical skill, the incentives for firms to pay for training do not depend only on the specificity of just one particular critical skill, but on the specificity of all critical skills. In Lazear's model, one of the results is that the more idiosyncratic the skillweights of the firm are, the larger the share of the training the firm will pay for. As firms more likely pay for investment in specific human capital, then it can be concluded from the previous statement that more idiosyncratic skill-weights correspond to the requirement of more specific human capital in that firm. So it can be said that firms' decisions about financing employee training are based on job specificity, which depends on the skill specificities of its critical skills and also on the number of critical skills. It is clear that the higher the specificity of critical skills, the higher the job specificity will be. But it is also assumed here that the higher the number of specific skills, the higher the job specificity will be. The intuition for this is that jobs with a greater number of critical skills are likely to differ more from other jobs as the number of possible combinations of skills rises along with a rise in the number of skills which can be combined. According to these two factors affecting job specificity, the following measure for job specificity is proposed
So job specificity is the sum of the skill specificities of all critical skills in that firm. This kind of specification satisfies the two previously proposed conditions that job specificity increases with the specificity of critical skills and the number of critical skills. This measure for job specificity can be interpreted as a measure for human capital specificity for two reasons. First, it expresses the specificity of critical skills, as in case of more specific critical skills the job specificity is higher and if critical skills are more specific then human capital required in that firm is more specific. Secondly, as firms are assumed to only offer training of critical skills, then during employment a worker's skills will become more similar to the firm's critical skills and so the required and actual human capital of a worker will become ever closer. So it can be said that job specificity measures a worker's human capital specificity, while over time this measure becomes more precise.
Data
The data used in this article come from an internet-based job vacancies database at the website www.hyppelaud.ee. This website is the biggest on-line job search site in Estonia. On this site, employers can advertise their vacancies and job seekers can apply for these vacancies through the website. Most of the services provided by the website are free. This article uses information about 1268 job advertisements current in the period from August 10 th 2005 to August 20 th 2005.
In order to avoid possible seasonality problems, it would be ideal to use data from a period which includes a whole year, but it was not possible to use that kind of data as this website does not provide information about past vacancies. Using data from the whole year would be preferable, as seasonal fluctuations in employment exist, especially in industries related to tourism. For example, during the summer, employment in hotels and restaurants is about 20% higher than in other periods. Therefore it is possible that similar seasonality is present in job advertisement posting. If the industrial structure of job advertisements fluctuates seasonally and if industrial differences in skill requirements exist, this could bias the results. But as the data were collected at the end of the summer then probably these advertisements reflect labour demand for the non-summer period, which is more stable. So it could be argued that seasonality is probably not a very serious problem. The sample includes vacancies posted both by private and public sector institutions, but advertisements on vacancies abroad were dropped.
For each vacancy there is information about the occupation, location of the job, industry, required educational level, previous work experience, length of hours, salary, required skills, and provision of on-the-job training. In case of required previous work experience, two types of experience can be distinguished: general and occupation-specific. Some vacancies only require that applicants have some previous work experience in any job, but other vacancies require job experience in the same occupation. As skills are often acquired by on-the-job training and learning by doing, then it can be assumed that when applicants are required to have work experience, they are indirectly required to have skills relevant to that experience. The problem here is that it is not possible to detect which skills the work experience actually represents and therefore this information cannot be used for estimating specificity of different skills. Still, it is possible to use this information on testing the validity of the job specificity measure, as it is possible to use the requirement of previous work experience as an estimator of provision of on-the-job training.
The required skills on which the database provides information and which are used in the following analysis belong to three broad categories: computer skills, language skills, and driving skills. Although it is clear that these skills represent only a small part of the skills from among critical skills in different jobs or firms, the data still make it possible to evaluate the specificity of these skills. Moreover, the fact that the data do not provide information about all skills does not affect assessment of specificities of skills which belong to these three categories. As for computer skills, in some cases advertisements contain detailed information about different types of software which the applicant should be able to use, but in other cases it is only announced that knowledge of using computers is required. As these requirements are highly heterogeneous, only one type of computer skill is distinguished here. Six different language skills are distinguished here. These are skills for Estonian, Russian, English, German, French, and Finnish. Although some advertisements provide information about the required level and type (oral, written) of language proficiency, it is only taken into account whether a job requires some command of a particular language or not. Five different types of driving skills are distinguished, with classification of these skills based on driving licence categories. According to the Estonian Traffic Law, an A category licence applies to motorcycles, a B category licence to automobiles with kerb weight no more than 3500 kg and no more than 8 passenger seats, a C category licence to automobiles with kerb weight more than 3500 kg, but with no more than 8 passenger seats, a D category licence to automobiles with more than 8 passenger seats, and an E category licence to automobiles with a trailer with kerb weight more than 750 kg (Liiklusseadus 2001).
Results
In order to calculate the specificity of the skills previously mentioned, it is assumed that, in case of job advertisements, all required skills are critical skills and any skills not mentioned in the job advertisement are not critical skills for that job. It would be quite natural for firms to mention in job advertisements only those skills that significantly affect productivity, but in practice some reasons might exist why firms announce some non-critical skills as required while, on the other hand, in some cases not all critical skills may be listed as required skills.
For example, if a firm wants to reduce the number of potential applicants for the job, they may announce other skills required for applying for that job but which in reality do not significantly affect productivity. Reducing the number of applicants could reduce the costs of filling the vacancy, but it can also decrease the chances of hiring good workers as it is possible that the best suitable worker for that job does not apply because he or she does not have a required skill which in fact does not affect his or her productivity. There is also a possibility that not all critical skills are announced as required. One reason for that is that if firms reduce the number of required skills, they can increase the number of applicants. However, increasing the number of applicants in this way does not necessarily increase the number of applicants who possess all critical skills, but it also attracts workers who do not possess all critical skills and whose productivity would be lower if productivity is determined only by critical skills. But if some other factors, such as worker loyalty, exist that affect productivity, then it may be rational for firms not to announce all critical skills required. Another reason for this possibility is that some informational problems exist and firms do not exactly know which skills are critical for that particular job, which could be the case for startup firms or new and uncommon occupations. While those kinds of problems exist and these issues need to be investigated in the future, it is not likely that these factors significantly influence the results of analysis. In some cases the number of required skills may be higher than the number of critical skills and in some cases the situation may be the converse, but on average the number of required and critical skills should be equal; indeed, in most cases required and critical skills should probably be identical.
The specificities of different skills calculated by using the previously described methodology are presented in Table 1 . Information from all 1268 job advertisements in the dataset is used in the calculations.
Higher estimated skill specificities correspond to more specific skills. In case of a completely general skill, the skill specificity would equal 1. The results indicate that Estonian and Russian language skills are the most general, whereas English skills are somewhat more specific.
Computer skills are with medium specificity. Driving skills are highly specific, except B category. Other foreign language skills such as Finnish, German, and French also have high specificity. According to human capital theory, firms should be more likely to pay for training of skills with high specificity. Unfortunately the data do not include information about the types of training so it is not possible to check this proposition. Next, these skill specificities are used for estimating the job specificities for each vacancy. For vacancies about which no required skills were announced, the value of job specificity is assumed to equal 0. According to estimated job specificities, the average job specificities for different sectors and occupations are calculated. Table 2 presents the calculated average job specificities for different occupational categories. These occupational categories are based on the ISCO88 classification. It can be seen that vacancies that belong to the category of legislators, senior officials, and managers have the highest job-specificity. In general, occupations that require higher qualifications require more specific skills, while low-skill occupations such as craft and related workers or elementary occupations require less specific skills. There are some exceptions to that pattern; for example, vacancies for plant and machine operators and assemblers have high job-specificity. This is because the occupations of truck and bus drivers belong to that category and these occupations need highly specific driving skills (licence categories C, D, and E). Job-specificity for skilled agricultural and fishery workers is also relatively high, but this is probably due to the fact that very few vacancies belong to these occupational categories in the dataset. Table 3 presents the average job specificities for different industries. It can be seen that differences in job specificities are remarkable. It is worth mentioning that differences across industries are bigger than across occupational categories. This may be caused by the fact that the number of industries is bigger than the number of occupational categories and in many cases very different occupations belong to the same occupational categories. For example, both truck drivers and wood-processing-plant operators belong to the same category as plant and machine operators and assemblers. Agriculture, hunting and forestry, and financial intermediation are industries with vacancies which require the most specific human capital. Education and manufacturing are industries where job specificities are the lowest, meaning that the human capital required is most general there. In general, job specificities in the primary and tertiary sector are remarkably higher than in the secondary sector. For testing the validity of a job specificity measure, the measure is used as an estimator of probability of company-financed training. If firms are likely to pay for training of critical skills as proposed earlier in this article, then firms' decisions about financing employee training will depend on job specificity. This means that the higher the job specificity of a vacancy, the higher the probability of offering training. Unfortunately, data from job advertisements do not contain information about whether companies actually offer training for the employee to be hired for that job. Nor does the information in job advertisements disclose who will pay for training. But it is quite natural to assume that if a firm announces in a job advertisement that the employee will receive training, then the firm will pay for it. Although it might be possible that, after hiring, a worker who has been promised training will not be offered company-financed training, this is not likely as training is being offered in the database only in the case of 41 vacancies out of 1268. The problem is likely to be the other way round as it is quite clear that actually firms pay for employee training more frequently than they announce in advertisements. If this is true, then only a fraction of firms that offer training announce it in job advertisements and it can be assumed that firms only announce training if they are absolutely sure they can offer it; in other cases they do not announce it because they do not want to take a risk.
Besides job specificity, several other factors may influence the probability of offering on-thejob training. These factors can be divided into human capital, industry-specific and occupationspecific and firm-specific factors. Employees' previous job experience can be one of these as it is part of employees' human capital. The dataset includes information about required previous work experience, which can be divided into general and occupation-specific experience. Formal education is another component of human capital that will probably have an effect on the possibilities of receiving training. Usually workers with a higher educational level receive more training from employers. Three educational levels are distinguished in the model for training offering probability here. Educational levels are based on the ISCED97 classification. So, educational level 1 consists here of ISCED97 levels 0-2, level 2 of ISCED97 levels 3-4, and education level 3 of ISCED97 levels 5-6. Industry-and occupation-specific factors can also have an effect on the offer of training because besides differences in job-specificities in different industries and occupations, investigated previously, industry-or occupation-specific effects of offering on-the-job training may exist. Empirical research of Estonian data indicates that in the secondary and tertiary sectors training is offered more frequently than in the primary sector (Leping and Eamets, 2005) . The location of the job is the only firm-specific variable in the dataset, but in order to control for possible firm-size effect on the offer of training, the firm size should also be accounted for, but unfortunately the dataset does not enable one to do so.
The probabilities of offering training are estimated for each vacancy by a logit-model. The dependent variable is the announcement of training, which is assumed to have value 1 if the advertisement states that the company will provide training for the employee, and value 0 in other cases. The explanatory variables used in the regression models are listed in Table 4 .
These explanatory variables are job specificity, two dummy variables for required previous job experience, two educational dummies where level 1 education is selected as a basis, eight occupational dummies (elementary occupations are selected as a basis), five industry dummies (agriculture, forestry, fishing, mining and quarrying, manufacturing and electricity, gas and water supply are selected as a basis) and one location dummy.
The aim of the regression analysis is to estimate the effect of job specificity on the training announcement. According to theoretical considerations, the training announcement should increase with job specificity. Therefore, empirical support for a positive relationship between job specificity and training announcement will confirm the validity of the job specificity measure. In order to test for stability of results, six different regression models are estimated. Model 1 has only job specificity as an explanatory variable. In model 2, required experience is added, while in model 3 required education is added. The first three models include only human capital variables as explanatory variables. Models 4 and 5 do not contain human capital variables, but they include occupation-specific and industry specific variables. Model 6 includes all human capital, industry-specific and occupation-specific and firm-specific variables. The estimation results are presented in Table 5 . As the number of vacancies announcing training is small, the majority of the parameter estimates of the model are not statistically significant. Only the location of the job, technician occupation, required previous job experience and job specificity have statistically significant effects on the announcement of training. The estimates of job specificity parameters are positive for all model specifications. Although they are only weakly statistically significant for two of the models and insignificant for four models, the values of this parameter are stable across all models. Therefore it could be argued that the statistical insignificance of this parameter estimate is likely to be caused by the low number of job advertisements where training is announced.
As estimates of the job specificity parameters are positive and stable regardless of the specification of the regression model, then it could be concluded that a positive relationship exists between job specificity and announcement of training.
If the results of the different regression models are compared according to the goodness of fit statistic, it could be said that industry-specific, occupation-specific and firm-specific are more important determinants of the announcement of training than human capital variables. Still, the human capital required explains the training announcement to some extent. Among required human capital variables, job specificity is one of the determinants of a training announcement. Higher job specificity results in a higher probability that training is announced in a job advertisement. This result is in line with the previously stated theoretical considerations and it confirms the validity of the job specificity measure proposed in this article. Note: Variable SKILLAGRI is dropped as it predicts failure perfectly, ***-statistically significant at 99%, **-statistically significant at 95%, *-statistically significant at 90%. Source: author's calculations.
Conclusions
The aim of this article was to construct a skill-based measure for human capital specificity.
For that reason the number of firms where a particular skill affects productivity was used for defining skill specificity. This describes the specificity of skills and, as human capital consists of skills, also the specificity of human capital. All skills that affect productivity in a particular firm are counted as critical skills for that firm. According to critical skills, a measure for job specificity was developed. Job specificity can be interpreted as a measure for human capital and if critical skills are more specific, then the human capital required in that firm is more specific. As firms should offer only training of critical skills, then during employment a worker's skills will become more similar to the firm's critical skills and so the required and actual human capital of a worker will become more similar.
In the empirical part of the article, skill specificities and job specificities of different skills and jobs were calculated by using data from job advertisements. The results indicate that Estonian and Russian language skills are the most general and some types of driving skills are the most specific. In general, more specific human capital is required in occupations that require higher qualifications, such as legislators, senior officials, and managers. Additionally, remarkable differences also exist in the specificity of human capital required between different industries, as the job specificities in the primary and tertiary sector are remarkably higher than in the secondary sector. Industrial differences in the specificity of required human capital are bigger than the corresponding occupational differences. For testing the validity of the job specificity measure, the measure is used as an estimator of a training announcement in the job advertisement. Six different specifications of a logistic regression model were estimated. Estimation results indicate that, regardless of the model specification, a positive relationship exists between job specificity and training announced. This result confirms the validity of the job specificity measure proposed in this article.
Unfortunately, the quality and size of the dataset is not very good and therefore the estimation results are statistically insignificant in many cases. However, the results are still stable for different model specifications. Therefore, it could be argued that the statistical insignificance of the estimates is caused by the small sample size. So it remains for future work to test the validity of the human capital specificity measure by using better data. One possibility would be to repeat similar calculations on a bigger dataset, which could be constructed for example by extending the period, preferably over a whole year, which would also eliminate the seasonality problem. A second possibility would be to acquire data about actual firm-financed training as well as more detailed and more complete information about skills. That kind of data could be collected by a questionnaire survey among employers. Alternatively, an option could be to use data from vocational standards or job descriptions about critical skills in different jobs and merge it with data about firm-financed training.
The job specificity measure can be used for planning public sector support to on-the-job training. As improving the quality of labour is an acute topic in labour market policies, then it is necessary to identify which industries and occupations are those where governmental support is most urgently needed. As firms are more likely to offer training for workers who work in more specific jobs, then the role of public sector support should be the biggest in industries and occupations where skill specificities are low.
